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Introduction

 Welcome and brief overview of break-out session objectives

* Importance of ethics in research

 Introduction to Large Language Models (LLMs) and their
significance in life sciences
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How LLMs work

More likely
blue = -0.96
clear =-1.60
The sky is — /8750 usually = -2.47 — The sky is blue
the = -3.40
LLM <=-347
Less likely

Total: -0.96 logprob on 1 token
(73.18% probability covered in top 5 logits)



Q & A in natural language
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Q & A + additional knowledge
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Applications of LLMs in Research

Supporting data analysis

 Language guided analysis

* (Generate code for scripted data analyses (reproducible!)
* Support coding

* Providing access to complex methods

e Assist results interpretation

* Generating insights and hypotheses
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plt.show!)

Glucose Levels Over Time By Genatype And Digt
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The plot shows gluzose levels over tir2, differant atec oy g2notype and ciet. To fu-ther quantify

thrse ohservations, vae' | prrform ANOVA te teat for signif nant difforences

Step 4: Statistical Testing

We'll use twe-vray ANOVA te test the effects of genotype and diet on ¢cluzose levels over time.
This will help us understand if e ther fzctor or their interzction significantly impacts glucese

kirztics,

Let's perform the ANQVA tast. [)

vl

slelsmodyls.ozeula.apl

statswndels.stats. anova

furmusa =

moda]l = cls(forwula, datamdf _relted) , fitd]

dnove s lls = gnova Ilm(model )

gnova_res.lts




ANOVA Results Interpretation

1. Genotype: The p-value for genotype (p = 0.054877) is slightly above the typical threshold
of 0.05, suggesting that the effect of genotype on glucose levels is not statistically
significant at the 5% level.

2. Diet (IVGTT): The p-value for diet (p = 0.000330) is well below 0.05, indicating a
significant effect of diet on glucose levels.

3. Interaction (Genotype
): The p-value for the interaction between genotype and diet (p = 0.952529) is very high,
suggesting no significant interaction effect.

Conclusion
« Diet has a significant impact on glucose kinetics.
» Genotype does not have a statistically significant effect.

« There is no significant interaction between genotype and diet.

If you need further analysis or specific visualizations, please let me know! (-]

Q@ o P v



| have a table called 'glucose.csv'. How do | analyse it - summary statistics, tests,

visualisation - using R?

Certainly! Analyzing a CSV file in R involves a few steps. Let's walk through the process of

analyzing your 'glucose.csv' data. Here's a comprehensive guideline:

Loading Necessary Libraries

First, you need to have the necessary libraries. Install them if you haven't:

G Copy code

install.packages(c(

Now, load them:

[7) Copycode

library(tidyverse)
library(summarytools)

library(lubridate)

Reading the Data

) Copy code

glucose_data <- read_csv(

Basic Examination of the Data



> head(glucoszs_data)

# Atibble: 6 x 28

.1Animal DG Expt_Grcup GenotypeSex IVGTT 10" "O0" "1° 3" 6" '7°
10" 15" 207 "30° 40" 507 807 "9CT "100° "MOT 120" 150" Timpoint Diet
AUC

<dbl><chr> <chr><chr> <chr> <chr> <chr><dbl> <dbl> <db/> <dbl> <dbl>
<dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <chr>
<chr> <dbl>

1 1Tier_11765 DG2 GIPRdn-CONTROL GIPRdn w Basis 3.8 36 184 16.2 151 129 116
98 83 €8 48 39 34 34 34 35 35 37Basis CONTROL 804.

2 2Tier 11762 DG2 GIPRdAn-LCMF GIPRdn w Basis 3.9 4 211173 15.2 14.3 125
10.8 91 61 43 36 35 33 32 36 36 36Basis LCMP 816.

3 3Tier 11763 DG2 GIPRdAn-LCMF GIPRdn w Basis 4.1 3.9 17.8 139 135 128 11.8
107 9.€ 87 76 68 6 45 41 42 42 42Basis LCMP 1001,

4 A4Tier 11609DG1 GIPRdn-LCMP GIPRdn w Basis 4.9 4.9 196 16.2 156 141 126
10.9 10.4 85 69 54 47 38 NA NA NA NA Basis LCMFP 722



Thank you for sharing a snippet of vaur dataset. Here's amore detalled aporoach to

analyzing this particular structure:

. Examine the Dataset's Attributes

From the given snippel, | see a repzaled measure design. The glucose levels are measured

at different fima paints (" -10°, 07, "1°, "3°, and so forth). You have categorical variablas

such as "Animal ™, "Expt_Group , Genotype , "Sex , "IVGTT , Timpeint ,anc "Diet .The

numeric columns include the aforementiored time points and "auc .

Summary Statistics

For calegaorical columns:

summazy(glucose_datal,

Visualizations

* Boxplots grouped by experiment group far a specific tima paint:

n C Oopy _'l_l,b_-

ganlot(glucose _data, T, Till=ExpT _Group)) +

geom_boxolot() +

labs(title="Hexplot of G : lime O", x="Lxperiment Group"', ¥y
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Applications of LLMs in Research

Manuscript writing

e Drafting / structuring content
* Improving language and clarity

* Generating abstracts and summaries
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): 1NE P-Vv3IUR 1ar ine INeracian Demween gendiype =ra aet \P = LLHDLDLY) 18 very nign,
sJggesting no significant interzction effect.

Canclusion
« [iet has a significant impact an ghucese kinet o3
» Genotype doss not have a statistically significant efect.

= Therz iz no significant irteraction betweer genctype and ciet.

it you need furtner analvsis or spec fic visJdalizat ons, please let me <now! 2]
] @ {D <

Bzsed on this findings please draft a manuserip: far publicaticn

@  Title: The Impact of Diet on Glucose Kinetics in Different Genotypes

Abstract

Ihis study investigates the effect ¢ genciype and digt on glucose kinetics in a controlled
arimzl model. Using a time-course measurement ¢ gluccse levels, we aimec to determine
whether thes2 factors signiticantly influence glucose metabal em. Qur resuits indizate that diet
siqrif cantly impacts alucoase levels aver tme, while genotyae does not show a statist cally
sigrif cant effect, Additiorally, ne sicnficant interacticn between cenotype and diet was
cosarved. These findings highlight the importarce of dietary factors in regulating glucosa
metabaolism, providing insights for ‘uture researcn in metabalic nealth,

Introduction

Clucose metabolism is a crit ¢zl aspact of metabol¢c k2alth, inf uznced by various genetic end
ervironmentsl -acters. Urderstanding how thase tacters nteract can provide insights into the
mechanisns underlying metaoolic disorcers such as diabetes, Previous studies have shovn Lhat
kath genatype and diet play essential roles in glucese regulation. However, the relztive
contribLtions of these factors and their int2raction 2ffects remain unc e2r. This stucy aims to
glucidale the moact ¢! genclype and digl onglucose kKnelics using a cenlrolled auma modal,
providing a comprehznsive znalysis of their cffects over time

Metheds

Animals and Experimental Design

The stuay irwelvea multiple animal subjects differing in genotype, diet, are s2x. The animals
were divided into grecups basad on taeir genotype (G PRdr) and diet (CONTROL, LCMP, etc.).
Each Qroud's glucose levels were meazured al multipke tme soints, rangine from =19 1 150
hours, using standarc ntravencus glucose tolerance tests IVGTT).

Data Collection

Glucose measurements were recorded at specifiec time interva s, resulting in & time-course

A=acnt Tha nrim=rv variahlac of intarcct i V¥ s cerctune diet and aliicnes lavals == aarh 4:me



Applications of LLMs in Research

Grant application drafting

e Assistance in proposal writing
 Enhancing persuasive language

 Formatting and compliance checks



Applications of LLMs in Research

Conducting literature reviews

e Summarizing existing research

 |dentifying key studies and gaps
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20243.07.10.602938v1 tull.pdf

please highlight the shortcocmings of this study

& Herz are scme potantial shortcomings of the study *Neuronal Hyperzctivity in Naurons Derived
from Individuals with Gray Mallar Helerolopia™:

Mode! Limitations: ~ha study relies heavily on human cerebral organcids (hCOs! to model
ocriventricu ar Feterctopia (PH). 'While hCOs arz valuable toals, thoy cannot fLlly replicate
the comglexity ard cellular diversity of the human brain. The results from hCOs might not

translate perfectly to in vivo human conditicns.

Genetic Heterogeneity: The study examines neurons darived “rom patisnts with specific
mutations in FATZ or DCHS1. However, PH can be caused by mutations in several other
gencs, ana the study's findings might not be gzneralizable to all forms of PH.

Sample Size and Variability: The sample size in the study, particularly the number of
ndependent hCOs and neurons znalyzed. might e | mited. Smzll sample sizes can reduce

the statistical power and increase the vaniability ot the resiits.

Single-cell Analysis: whila tha study uses advarcec techniques like patch-clamp
‘eco dings and silicon probe reccrdings, singla-cell barscriplome anc proleome analyses
mignt have provided more delailad insights into the cellular hetgrogene ty and speafic

qeursnal subtypes affectec in PH.

Temgoral Dynamies: The study focuses on 9-morth-olz hCOs, which might not cacture
the entire developmen:al trsjectory and dynamic changes occurring in naurons ovar time.
Observing changes at mult ple developmental stages could provide a mo e comprehersive
Jnderstanding.

In Vivo Validation: The finzings from FCO3 would cenefit from in vive validaticn in animal
modals or human tssues to confirm the relevenca of the cbsarved nauronal hyperzctivity
znd molecular altarations in @ more complax anc integrated biologica systam.

Functional Consequenceas: While the study damnnst-ates hyperactivity and marphological
changes In neurons, the functional consequences ot these altzratizns on neural network
aehevior ard cogritive functons remain unc'ear. Benaviotal studies or more complex
aetwork analyszs cou d shed licht on this asgect.

Technical Variability The use of different techniques, such as silicon probe ~ecodings and
satch-clamp recordings, might introdu 4 technica’ variahil ty. Consistency and



Applications of LLMs in Research

Interaction with knowledge

* Question - answer sessions with model or prompt-based
knowledge

* Further training or familiarization with new fields of research
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a 2024.0710.602948v1 full po

hew was the mass spec data analysed in this maruscript

®» Tremass specirometry (MS) dzta 'n the manuscript was ana yzad through the followirg
d=tailed steps:

1. Somple Freparaticnand Mass Spectrometry:

+  Desalled peplides were loaded onlo a nano capillary and direclly sprayed onto a Q-
Exaclive Plus Mass Soeclromeler, The peplides were nilially lvaded in bulfer A and
alutec with buffer B using a spacific gradient ovar time. The mass sgect-ometer
operatad in datz-dapencen: acquisition mode, capturing one =T survey scan followed
by ter HCD MS/MS scans par accuicition cycle.

+ Parameters included a mass range of 375 to 1400 m/z, resolution of 70,000 ACGC targe:
of JE6 positive mode ionizat on voltage of 19 kV, and HCD fragmentation at a
resolution of 17 500 vath spedific settings for AGC target collision enerqy. inj2ction
time, and dynamic exclusian.

2. Data Processing:

+ Raw data was procecssed Lsirg the MaxQuant computational platform (verslon 1.6.17.0)
with standard settings for |1 MS Ion trac data.  he peak list was searched against the
Un prot Humran catakasec with zpecific mass deviation allowances for precursors and
fragments. Mod ficationz cansidered included cystaine carbamidomethylation 25 ztatiz
snd methionire oxidation ana N-1erminal acetylaticn as variable.

«  The match-betwzen-run oplion was enablzd, and proteins were quartifisd using the
\abel-frea quantification (LFQ) algerithm, generating LFQ Intens tles.

3. Proteomic Data Anzlysis:

* The proteomic cata wes further processed using the RStudio packags *DEP" far LFQ-
hased diffzrential analysis The MaxQuant output table ‘proteingroups Bt se-ved as
the input, and data were precared far differential analvsis. Results were extracted and
plotted using R3:Ldio packages like goplot2, dyclyr, and tidyverse. Significance was
zlassified with a o-value of less than 0.05 and log2FoldChange thresholds for
ypregulated ang downregulzled proleins.,

+ Synaptosome fraction analysss inch ded furthe znalysis using SynGQC, an interactive
xnowledge casea using Gene Oﬁtolu\',y (GC) annotaticns.



Applications of LLMs in Research

Teaching

e Assistance in creating teaching outlines
e Assistance in creating teaching content
* Assistance in creating examination questions

e complete courses

* Replace in-person teaching with chatBot-based teaching



teach me R for data analysis in a molecular biology lab

Sure! Learning R for data analysis in a molecular biology lab involves several key steps. Below is
a structured guide to get you started, covering installation, basic usage, and specific techniques

relevant to molecular biology.

Step 1: Install R and RStudio
1. Install R:

e Gotothe CRAN website.

» Choose your operating system and follow the installation instructions.
2. Install RStudio (an integrated development environment for R):

e Go to the RStudio website.

« Download and install the free version for your operating system.

Step 2: Basic R Concepts and Syntax
1. R Console and Scripts:

« You can run R commands directly in the console or write scripts (*.R" files) and

execute them.

2. Basic Commands:




Applications of LLMs in Research

Image interpretation and creation

ChatGPT 4

what tissue is this one?

(&) The image you've uploaded shows a histological section of lung tissue, stained with hematoxylin
and eosin (H&E). This common staining technique highlights the different components of the
tissue, where the pink areas represent the cytoplasm and other extracellular matrix, and darker

purple-blue regions indicate nuclei.

In this particular section, you can see structures that are characteristic of lung tissue, including
bronchioles lined with epithelial cells and surrounded by supportive connective tissue. The large
air-filled spaces are likely alveoli, the tiny sacs where gas exchange occurs. The appearance of
the tissue suggests it could be from a region of the lung where both respiratory bronchioles and
alveolar ducts/sacs are visible, indicative of a lower respiratory tract section.



Applications of LLMs in Research

Image interpretation and creation

can you create a scientific, schematic image of the respiratory
tract. black white. 2D
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Benefits of LLMs in Research

 Efficiency and time-saving
* Interactive access to a vast knowledge base, like talking to an expert

* lowers the barriers to familiarizing yourself with a new field or
expanding your own expertise

* Improved accessibility for non-native English speakers
* Consistency and standardization of outputs
* Relatively unbiased assessment of knowledge

* Enhanced creativity and idea generation (not sure | agree, chatCPT)



The Perfect Wingman




The scientific process

Assistance or complete takeover by LLM

Observation

Impossible

Less likely

Data Collection Likely

Analysis Highly likely

Certain




Challenges and Risks

Potential for errors and misinterpretation

Transparency with respect to training data

Moderation

Hallucination

%
L
\Q.““""' 4

chatGPT
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accurate, Data Pruacy ang Impeint.
Does Droscphila MOF acetylate the insulin receptor?

A very specitic cuestion!

According to the literature, the answer is yes, Drosophila MOF (Male-specific lethal 3, MSL3 in + G
humans) nas been shewn to acetyate the insulin receptar in Drosephila menogaster.

MOF is a nistone acetyliransierase that is known to play a role in various cellwlar processes, including
chromatin remadeing and gene regulation. In the context of insulin signaling, MOF has heen found to
acetylate the insulinreceptor (InR) in Droaophils, leading 1o increased insulin signaling and glucase
uptake.

Studies have demanstrated that MOF-mediated acetylation of InR enhances its tyrasine kinase activity,
promoting tha phosphorylation of dovinstream targets, such as Akt, and ultimately l=ading to increassd
gucose uptake n Drosophils cells.

It's worth noting that whie this specific interaction has been characterized in Drosophila, the role of
MOF in insJlin sionaling and receptor acetylation is still being explored in other organisms, including
mammals.

Would you like me to provide more information on this topic or help with something elss?

RiCASE previde references

Here are some references that support the statement that Drosophila MOF acetylates the insulin
receptar:

1. Xuectal. (2014): "MOF regulates insuin receptor mANA transktion and glucose metabolism in
Drosophila” [1)

In this study, the authors show that MOF binds to the insulin receptor [InR) mRNA anc regulates its
transiation, They alse demenstrate that MOF acetylates InR, leadrng te Increased Insulin skanaling ane
glucose uptake n Drosophila cells.

2. Lietal. (2015): "MOF acetylates the insulin receptor and enhances insulin signaling in Drosophila” )
(2] Model (?) Meta LLaMA 3 70B Instruct

D b & X Advanced options (2)

AN\



Challenges and Risks

 Originality and authorship issues
e Plagiarism, eqg:
* unintentional plagiarism in academic writing
e journal article retraction due to Al-assisted plagiarism

e grant proposal plagiarism detected by funding agency
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10.03.2024, 09:36 Uhr &2 Audicbeitrag

# > Netzwelt > Zu gut, um menschlich zu sein? TUM lehnt Bewerber wegen Kl ab

Zu gut, um menschlich zu sein? TUM lehnt Bewerber wegen Kl ab

Ein Mann, der sich fur einen Masterstudiengang an der Technischen Universitat Munchen beworben hatte, wurde wegen
der Nutzung von ChatGPT beim Bewerbungsessay abgelehnt. Ein Gericht hat das nun bestatigt. Doch ist ein solches
Vorgehen noch zeitgemaR?



Challenges and Risks

e Bias in Al-generated outputs

* Privacy and data security concerns



https://www.wired.com/story/how-to-stop-your-data-from-being-used-to-train-ai/#:~:text=If you have an account,turn off Chat History &
Training.

How to Stop Your Data From Being Used to Train Al

Some companies let you opt out of allowing your content to be used for generative Al. Here’s how to take
back (at least a little) control from ChatGPT, Google’s Gemini, and more.




Impact on Responsible Research Practices

* Transparency and disclosure

e Accountability and oversight



Impact on Responsible Research Practices

* Critical evaluation of Al outputs

* Ensuring human oversight and intervention



Impact on Responsible Research Practices

e Strategies to prevent misuse



DFG guidelines Sept 2023

https://www.dfg.de/resource/blob/289676/89c03e7a7a8a024093602995974832f9/230921 -statement-
executive-committee-ki-ai-data.pdf

* |n view of its considerable opportunities and development
potential, the use of generative models in the context of research
work should by no means be ruled out.

 When making their results publicly available, researchers should, in
the spirit of research integrity, disclose whether or not they have
used generative models, and if so, which ones, for what purpose
and to what extent.

* In decision-making processes, the use of generative models in/for
proposals submitted to the DFG is currently assessed to be
neither positive nor negative.

* The use of generative models in the preparation of reviews is
iInadmissible due to the confidentiality of the assessment process.
Documents provided for review are confidential and in particular
may not be used as input for generative models.



nature > editorials > article

EDITORIAL | 24 January 2023

Tools such as ChatGPT threaten
transparent science; here are
our ground rules for their use

As researchers dive into the brave new world of advanced Al chatbots,
publishers need to acknowledge their legitimate uses and lay down clear
guidelines to avoid abuse.




Springer Nature journals principles
https://www.nature.com/articles/d41586-023-00191-1

* First, no LLM tool will be accepted as a credited author on a
research paper. That is because any attribution of authorship
carries with it accountabillity for the work, and Al tools cannot
take such responsibility.

e Second, researchers using LLM tools should document this use
In the methods or acknowledgements sections. If a paper does
not include these sections, the introduction or another
appropriate section can be used to document the use of the
LLM.



Other concerns

 Dependence and Complacency
* Decline in critical thinking and analytical skill

* Increased use of Al could result in complacency, where
researchers might trust Al outputs without adequate validation

« Quality and Reliability of Outputs:
Propagation of Errors: Training -> Model -> Output -> Training

* Impact on Collaboration: LLMs can reduce opportunities for
collaboration and discussion among researchers, which are vital for
innovation and the cross-pollination of ideas

 Changes in Research Dynamics: The integration of LLMs might shift
the focus from collaborative research to more individual-centric
approaches, as Al tools can handle many tasks that traditionally
required teamwork




Discussion and Q&A



Conclusion

* Recap of key points discussed
e Future outlook on Al and ethics in research

* Final thoughts and closing remarks



